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FIG. 4

2D ONLY DPM CAR DETECTION EXAMPLE
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SENSOR FUSION USING DETECTOR
CONFIDENCE BOOSTING

BACKGROUND

The present disclosure relates in general to object detec-
tion, and more particularly to methods and systems for object
detection using 2-dimensional (2D) and 3-dimensional (3D)
information.

Object detection, or object recognition, may be utilized in
a variety of industries or applications, including defense or
law enforcement, among others. For example, it may be desir-
able to identify one or more objects such as cars, pedestrians,
buildings, or the like. Conventional object detection
approaches may not provide desired reliability in accurately
identifying target objects and/or may provide a greater than
desired number of false positive identifications (e.g., detect-
ing a non-target object as a target object).

SUMMARY

In one embodiment, a method for detecting one or more
target objects is provided that includes obtaining 2-dimen-
sional imaging information of a target zone. The method also
includes obtaining 3-dimensional point cloud information of
the target zone. Further, the method includes determining a
ground plane in the 3-dimensional point cloud information
and removing the ground plane to generate modified 3-di-
mensional information. Also, the method includes identify-
ing a set of 2-dimensional candidate objects from the 2-di-
mensional imaging information, with each 2-dimensional
candidate object having associated therewith a corresponding
2-dimensional confidence measure, and identifying a set of
3-dimensional candidate objects from the modified 3-dimen-
sional information by clustering proximal points from the
modified 3-dimensional information into object groups, with
each 3-dimensional candidate object having associated there-
with a corresponding 3-dimensional confidence measure.
The method also includes determining, for each of at least
some of the 2-dimensional candidate objects, a correspond-
ing 3-dimensional candidate object from the set of 3-dimen-
sional candidate objects. Further, the method includes modi-
fying the 2-dimensional confidence measure for each of the at
least some of the 2-dimensional candidate objects based on
whether the 2-dimensional candidate object corresponds to a
3-dimensional candidate object, to generate fused confidence
measures using the 2-dimensional confidence measures for
each of the at least some of the 2-dimensional candidate
objects and the 3-dimensional confidence measures of the
determined corresponding 3-dimensional candidate objects.
The fused confidence measure filters out false objects from
the 2-dimensional candidate objects to identify with a high
degree of confidence a set of target objects.

In another embodiment, a tangible and non-transitory com-
puter readable medium is provided. The tangible and non-
transitory computer readable medium includes one or more
computer software modules including instructions therein
configured to direct one or more processors to: obtain 2-di-
mensional imaging information of a target zone; obtain 3-di-
mensional point cloud information of the target zone; deter-
mine a ground plane in the 3-dimensional point cloud
information and remove the ground plane to generate modi-
fied 3-dimensional information; identify a set of 2-dimen-
sional candidate objects from the 2-dimensional imaging
information, each 2-dimensional candidate object having
associated therewith a corresponding 2-dimensional confi-
dence measure; identify a set of 3-dimensional candidate
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objects from the modified 3-dimensional information by clus-
tering proximal points from the point cloud information into
object groups, each 3-dimensional candidate object having
associated therewith a corresponding 3-dimensional confi-
dence measure; determine, for each of at least some of the
2-dimensional candidate objects, a corresponding 3-dimen-
sional candidate object from the set of 3-dimensional candi-
date objects; and modify the 2-dimensional confidence mea-
sure for each of the at least some of the 2-dimensional
candidate objects based on whether the 2-dimensional candi-
date object corresponds to a 3-dimensional candidate object,
to generate fused confidence measures using the 2-dimen-
sional confidence measures for each of the atleast some of the
2-dimensional candidate objects and the 3-dimensional con-
fidence measures of the determined corresponding 3-dimen-
sional candidate objects. The fused confidence measure filters
out false objects from the 2-dimensional candidate objects to
identify with a high degree of confidence a set of target
objects.

In another embodiment, a system is provided that includes
a first imaging device, a second imaging device, and a pro-
cessing unit. The first imaging device is configured to acquire
2-dimensional imaging information of a target zone. The
second imaging device is configured to acquire 3-dimen-
sional point cloud information of the target zone. The pro-
cessing unit is operably coupled to the first imaging device
and the second imaging device. The processing unit includes
software modules having instructions therein which, when
executed by the processing unit, are configured to obtain the
2-dimensional imaging information and the 3-dimensional
point cloud information, and to determine a ground plane in
the 3-dimensional point cloud information and remove the
ground plane to generate modified 3-dimensional informa-
tion; identify a set of 2-dimensional candidate objects from
the 2-dimensional imaging information, each 2-dimensional
candidate object having associated therewith a corresponding
2-dimensional confidence measure; identify a set of 3-dimen-
sional candidate objects from the modified 3-dimensional
information by clustering proximal points from the modified
3-dimensional information into object groups, each 3-dimen-
sional candidate object having associated therewith a corre-
sponding 3-dimensional confidence measure; determine, for
each of at least some of the 2-dimensional candidate objects,
a corresponding 3-dimensional candidate object from the set
of'3-dimensional candidate objects; and modity the 2-dimen-
sional confidence measure for each of the at least some of the
2-dimensional candidate objects based on whether the 2-di-
mensional candidate object corresponds to a 3-dimensional
candidate object, to generate fused confidence measures
using the 2-dimensional confidence measures for each of the
at least some of the 2-dimensional candidate objects and the
3-dimensional confidence measures of the determined corre-
sponding 3-dimensional candidate objects. The fused confi-
dence measure filters out false objects from the 2-dimen-
sional candidate objects to identify with a high degree of
confidence a set of target objects.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG.1is anillustration of 2D and 3D images in accordance
with an embodiment.

FIG. 2 provides an overview of object detection in accor-
dance with an embodiment.

FIG. 3 illustrates sample frames from datasets in accor-
dance with an embodiment.

FIG. 4 depicts DPM object detection results in accordance
with an embodiment.
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FIG. 5 is a precision recall curve of 2D DPM car detection.

FIG. 6 is a block diagram of a 3D processing pipeline in
accordance with an embodiment.

FIG. 7 is an illustration of example 3D blobs obtained with
a clustering-based approach to a point cloud without a ground
plane in accordance with an embodiment.

FIG. 8 is an illustration of 2D over detection results in
accordance with an embodiment.

FIG. 9 illustrates a 2D/3D fusion process in accordance
with an embodiment.

FIG. 10 illustrates determination of correspondence
between a 3D blob and a 2D bounding box in accordance with
an embodiment.

FIG. 11 is an illustration showing an evaluation of 2D
detection results using 3D blob models in accordance with an
embodiment.

FIG. 12 is an illustration of precision recall curves in accor-
dance with an embodiment.

FIG. 13 is a schematic illustration of a detection system in
accordance with an embodiment.

FIG. 14 is a flowchart of a method in accordance with an
embodiment.

DETAILED DESCRIPTION

The following detailed description of certain embodiments
will be better understood when read in conjunction with the
appended drawings. To the extent that the figures illustrate
diagrams of the functional blocks of various embodiments,
the functional blocks are not necessarily indicative of the
division between hardware circuitry, between software ele-
ments or between hardware and software implementations.
Thus, for example, one or more of the functional blocks (e.g.,
lens or amplifier) may be implemented in a single piece of
hardware (e.g., a simple lens or a single amplifier stage or
chip) or multiple pieces of hardware. Similarly, the software
programs may be stand-alone programs, may be incorporated
as subroutines in an operating system, may be implemented in
a field-programmable gate array, and the like. It should be
understood that the various embodiments are not limited to
the arrangements and instrumentality shown in the drawings.

As used herein, the terms “system,” “unit,” or “module”
may include any combination of hardware and/or software
system that operates to perform one or more functions. For
example, a system, unit, or module may include a computer
processor, controller, or other logic-based device that per-
forms operations based on instructions stored on a tangible
and non-transitory computer readable storage medium, such
as a computer memory. Alternatively, a system, unit, or mod-
ule may include a hard-wired device that performs operations
based on hard-wired logic of the device. The systems, mod-
ules, or units shown in the attached figures may represent the
hardware that operates based on software or hardwired
instructions, the software that directs hardware to perform the
operations, or a combination thereof.

As used herein, an element or step recited in the singular
and proceeded with the word “a” or “an” should be under-
stood as not excluding plural of said elements or steps, unless
such exclusion is explicitly stated. Furthermore, references to
“one embodiment” are not intended to be interpreted as
excluding the existence of additional embodiments that also
incorporate the recited features. Moreover, unless explicitly
stated to the contrary, embodiments “comprising” or “hav-
ing” an element or a plurality of elements having a particular
property may include additional such elements not having
that property.
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Also as used herein, the phrase “image” or similar termi-
nology is not intended to exclude embodiments in which data
representing an image is generated, but a viewable image is
not. Therefore, as used herein the term “image” broadly refers
to both viewable images and data representing a viewable
image. However, certain embodiments generate, or are con-
figured to generate, at least one viewable image.

Various embodiments provide systems and methods for
object detection. For example, in various embodiments (e.g.,
embodiments discussed in connection with FIGS. 1-12),
methods and/or systems may be provided including one or
more aspects discussed as follows:

A method and/or system for object (e.g., vehicles pedes-
trians) detection is provided using a combination of 2D and
3D sensor data). Detection on individual data modalities is
carried out in parallel, and then combined using a fusion
scheme to deliver final detection results. Specifically, a
deformable part based object detection in the 2D image
domain may be first applied to obtain initial estimates of
candidate object regions. Meanwhile, 3D blobs (i.e., clusters
of'3D points) containing potential objects are extracted from
the corresponding input point cloud in an unsupervised man-
ner. A novel morphological feature set is proposed to charac-
terize each of these 3D blobs, and only blobs matched to
predefined object models are kept. Based on the individual
detections from the aligned 2D and 3D data, a fusion scheme
is developed to boost object detection confidence. Experi-
mental results with the proposed method are promising.

1. Introduction

In this disclosure, a sensor fusion method for enhanced
object detection in outdoor urban environments is proposed.
The input consists of a 2D image captured with an EO (elec-
tro-optical) sensor and a 3D point cloud captured by a Lidar
sensor such as the Velodyne-64. (See FIG. 1 showing a 2D
image 100 and a corresponding 3D point cloud 110). The
sensors may be assumed to be pre-calibrated, and the 2D and
3D data are aligned. This means for each point ofthe 3D point
cloud, there is a corresponding point within the 2D image
based on a certain transformation. Given EO images with
appearance information such as color, texture, and gradient
information, and 3D point clouds with accurate depth (dis-
tance) information, one goal is to leverage both for improved
object detection. Our method can be used for a variety of
different ground objects such as pedestrians, cyclists, cars,
trucks, or buses, but detection of car objects is discussed
herein, as car objects are widely available in many public
datasets.

Many 2D and 3D fusion methods have been proposed for
the task of object detection in the past. Bo et al. (L. Bo, Lai,
K., X.Ren, and D. Fox, Object Recognition with Hierarchical
Kernel Descriptors, In Computer Vision and Pattern Recog-
nition (CVPR), 2011) combined the 2D color, gradient and
shape features with 3D size features, shape features, and
edges features to achieve object detection. Lai et al. (K. Lai,
L. Bo, X. Ren and D. Fox, Detection-based Object Labeling
in 3D Scenes, Robotic and Automation (ICRA), 2012) and
Spinello et al (L. Spinello, and K. O. Arras, People Detection
in RGB-D Data, Intelligent Robots and Systems (IROS),
2011) fuse the Histograms of Oriented Gradients (HOG)
features on 2D RGB images and HOG features on depth
image to achieve object detection. Following their success,
we combine a 2D object detector, Deformable Part Model
(DPM) (see P. F. Felzenszwalb, R. B. Girshick, D Mcallester,
and D. Ramanman, Object Detection with Discriminatively
Trained Part Based Model, IEEE-TPAMI) detector, with our
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morphology-based 3D feature descriptor (MorpFt_166),
which will be described later herein, to perform combined
2D/3D object detection.

There are three major processes in various embodiments:
1) Object detection within 2D images using DPM; 2) Object
detection within the 3D point cloud using the MorpFt_ 166
features, and further evaluation of the 3D detections in con-
junction with the 2D detections obtained in step 1; and 3)
Fusion of the 2D and 3D detection results by combining the
2D and 3D confidence scores. (See FIG. 2.)

2. Process Overview

The overall detection process can be broken into three
major steps as illustrated in FIG. 2: 1) Perform object over
detection in EO image by using the DPM object detection
method, as described in the following section. 2) Extract
MorpFt_ 166 features form the 3D point clouds, and classify
using a linear SVM kernel model trained using car data. 3)
Re-evaluate the detection results by combining the 2D DPM
detection scores and 3D MorpFt__ 166 model scores to gen-
erate the final detection results.

2.1 2D DPM Object Detection

Object detection with deformable part model (DPM) is one
of'the best object detection methods currently available. DPM
assumes an object is constructed by its parts. Thus, the detec-
tor will first find a global match form the object (root filter
matching), and then use its part models to fine-tune the result
(part model matching). Therefore, in order to achieve object
detection by using DPM, we have to train the root model as
well as the part model. The model used in connection with
various embodiments herein is pre-trained and provided from
the KITTI vision benchmark suite. (See A. Geiger, P. Lenz, C.
Stiller, and R. urtasun, Vision Meets Robotics: The KITTI
Dataset, International Journal of Robotics Research (IJRR),
2013.)

For each image, over detection may be performed in order
to obtain as many car candidates as possible. The false alarms
generated by the over detection may be filtered out based on
the 2D/3D fusion steps.

2.2 3D Object Detection by Using MorpFt__ 166 Features

In the 3D processing leg, blobs are extracted from the 3D
point cloud by removing the ground plane and then clustering
the points in an unsupervised manner. After blobs from the
point cloud are extracted, the MorpFt-166 features from each
blob are extracted. 3D blob models are created by training the
MorpFt 166 features using linear kernel based SVM. These
3D blob models can be used to re-evaluate the 2D detection
results, which will be discussed in detail in the following
sections.

2.3 Object Detection by Fusing 2D and 3D Detection
Results

After DPM 2D object detection, many candidate bounding
boxes may have been obtained, and each candidate bounding
box has a confidence score (named C_dpm). This confidence
score represents how likely the candidate bounding box cov-
ers a desired object according to the 2D features. After the
re-evaluation of each candidate bounding box by using the
MorpFt_ 166 models, another confidence score (named
C_morph) is obtained for each bounding box. In this fusion
step, a method is introduced to efficiently combine these two
scores to further improve the detection performance. The
performance obtained by combining 2D and 3D confidence
scores may be improved over either alone.

3. 2D DPM Object Detection

As explained above, the pre-trained DPM model may be
used to perform the “car” detection on the video sequence
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6

from the KITTI data set. FIG. 3 shows some sample frames
300, 310 from the video sequence. For each frame over detec-
tion is performed, which means many more 2D object detec-
tions boxes are kept than the number of expected objects. As
shown in FIG. 4, the rectangular bounding boxes 410, 420,
430 are the 2D object detection boxes obtained from the DPM
detection. The bounding box 410 is the detection box with the
highest confidence score, the bounding box 420 is the second
highest one, and the bounding box 430 has the third highest
confidence score.

In order to compare the DPM only object detection perfor-
mance with the 2DD/3D fusion, we evaluated the 2D only DPM
detection performance using a precision-recall curve. The
principal quantitative measure used was the average precision
(AP). Detections are considered true or false positives based
on the area of overlap with ground truth bounding boxes. To
be considered a correct detection, the area of overlap a,
between the detected bounding box B, and ground truth
bounding box B,, must exceed 50% by the formula:

area(By () Bgy)

" area(B,; U By

It is known that there are few 3D points on the faraway
objects when the distance between the objects and the camera
is out of the range of 3D sensors. Extracting 3D features from
faraway objects will result in very noisy or no data. Therefore,
the performance was evaluated by just considering objects
within 25 meters. As explained in the Introduction section,
each 2D image from the KITTI data corresponds to a regis-
tered point cloud as illustrated in FIG. 1. Therefore, it is
straightforward to calculate the distance from the object to the
camera using following method: 1) For each of the 2D points
inside the 2D detecting bounding box, find the corresponding
3D points from the synchronized point clouds. 2) Calculate
the distance of each 3D point (D(p,)) to the camera by
D(P,)=sqrt(x>+y>+z7). 3) Set the distance of the detected
object by average distance:

£

ol
I
30—

D(P;)

After the distance is obtained, the detected object beyond
25 meters may be ignored. The resulting precision recall
curve 500 is shown in FIG. 5.

4. 3D Object Detection and Classification

Given a 3D point cloud acquired by LIDAR as input, the
3D detection and classification module starts with reducing
the number of points in the cloud via voxel grid down-sam-
pling to yield a more compact capture of the scene. The
ground plane is then estimated and potential objects above
ground are extracted/segmented automatically based on
unsupervised clustering. These object candidates are then
processed and morphology-based features are extracted. Sub-
sequently, these blobs are classified into a set of pre-defined
classes. FIG. 6 shows the overall steps in the 3D processing
system.

4.1 Ground Plane Estimation

The first step of an example 3D processing pipeline is to
downsample the input point cloud. The main purpose of this
step is to reduce the number of points in the cloud in exchange



US 9,183,459 B1

7

for more efficient computation without losing recognition
accuracy. A typical approach to downsample point cloud is
the voxelized grid approach. (The VoxelGrid and other func-
tionalities in the Point Cloud Library (PCL) were used for 3D
processing.)

Once the point cloud is downsampled, the ground surface,
where other object entities (e.g., buildings, cars, pedestrians)
reside on, may be identified and removed. This is essentially
fitting a plane model to the point cloud and finding the one
with the maximum number of points. To speed up the search
process, the Random Sample Consensus (RANSAC) algo-
rithm is used to generate model hypotheses. The plan removal
algorithm involves the following steps: 1) Randomly select
three non-collinear unique points from the point cloud P; 2)
Compute the plane model coefficients from the three points
using the equation ax+by +cz+d=0; Compute the distances
from all points belonging to the cloud P to the plane model (a,
b, ¢, d); and 4) Count the number of points p* that belong to
P whose distance to the plane model falls between a pre-
defined threshold.

The fourth step represents a specific “scoring” model.
Every set of points p* is stored, and the above steps are
repeated for a number of iterations. After the algorithm is
terminated, the set with the largest number of points (inliers)
is selected as the support for the best planar model found.
These points can be removed from the original point cloud
before the next step in the pipeline.

4.2 3D Candidate Blob Detection

Given the point cloud above ground, clustering is used to
divide the cloud into smaller parts in order to generate can-
didate object blobs for recognition. Most of the simpler clus-
tering methods rely on spatial decomposition techniques that
find subdivisions and boundaries to allow the data to be
grouped together based on a measure of “proximity.” This
measure is usually represented as a Minkowski norm, with the
most popular instantiations being the Manhattan (L.1) and
Euclidean (12) distance metrics.

To achieve the clustering goal, the system needs to under-
stand what an object point cluster is and what differentiates it
from another point cluster. A cluster can be defined as fol-
lows:

Let 0,~{p,eP} be a distinct point cluster from O,~{p P} if
min|lp,—p |l,>d,;,, where d,, is a maximum imposed distance
threshold. The above equation states that if the minimum
distance between a set of points p, and another set p; is larger
than a given distance value, then the points in p, are set to
belong to one point cluster and the ones in p, to another
distinct point cluster. From an implementation point of view,
it is important to have notion of how this minimal distance
between the two sets can be estimated. A solution is to make
use of approximate nearest-neighbors queries via kd-tree rep-
resentations. This allows for fast generation of clusters in an
unsupervised manner.

After initial clusters are extracted, an additional filtering
step is performed to remove overly small/large 3D clusters.
The ones which survive the filtering step are considered 3D
candidate object blobs, and are passed to the next step in the
pipeline for feature extraction and classification. FIG. 7
shows the candidate 3D blobs generated after the clustering
and filtering step.

4.3 3D Blob Classification

It is challenging to extract robust features from a 3D object
for recognition. The main reason is that the point cloud data
are irregularly scattered in the 3D space, as opposed to the
regularly and uniformly sampled 2D images. The point den-
sity is also reduced for objects further from the sensor. Mor-
pFt__166 features which are described below may be used to

10

15

20

25

30

35

40

45

50

55

60

65

8

characterize each 3D blob. The basic idea is to project the 3D
blob into multiple horizontal 2D image slices at various
heights. The 2D slices contain all the 3D shape information of
the object if slices are sampled with close enough spacing
(similar to CT/MRI scanned slices). The 2D image slices are
regularly spaced images, and thus all the available image
processing techniques can be applied to process these image
slices, such as spatial filtering, view-invariant feature extrac-
tion, and other operations. Furthermore, the 2D image reso-
Iution is adaptively selected depending on the 3D point cloud
density to avoid forming ill-conditioned images where the
point cloud data are very sparse. In general, an adaptive
sampling scheme may allow one to deal with point cloud data
with as few as 50-100 points per object. In some embodi-
ments, each 3D blob is decomposed into six slices, and seven
morphological features along with other moment invariant
features are extracted from each slice, resulting in a 166
dimensional feature vector.

Several morphologic features are extracted from the pixel
patches in each slice:

1. Pixel number: the actual number of pixels in the slice.

2. Bounding box: the smallest rectangle containing the
pixel region in the slice.

3. Centroid: the center of mass of the pixel region.

4. Major-Axis-Length: a scalar specifying the length (in
pixels) of the major axis of the ellipse that has the same
normalized second central moments as the pixel region.

5. Minor-Axis-Length: a scalar specifying the length (in
pixels) of the minor axis of the ellipse that has the same
normalized second central moments as the pixel region.

6. Orientation: the angle (in degrees ranging from -90 to 90
degrees) between the x-axis and the major axis of the ellipse
that has the same second-moments as the pixel region.

7. Eccentricity: specifies the eccentricity of the ellipse that
has the same second-moments as the pixel region.

8. Extent: specifies the ratio of pixels in the region to pixels
in the total bounding box.

Given the computed feature vector associated witheach 3D
blob, a standard supervised learning paradigm is adapted in
various embodiments for 3D object classification. For each
class of object (e.g., pedestrians, cars, etc.), a SVM model is
trained in a one-against-all fashion. When a new 3D candidate
blob is generated, it is fed to the models trained for different
classes. The one model giving the highest confidence score
will be identified, and the 3D blob will be classified as the
corresponding class.

5. 2D/3D Fusion for Object Detection

How the separate 2D and 3D object detection and classifi-
cation work in various embodiments was explained in the
above sections. However, combining 2D and 3D features is
very important for achieving robust object detections. As
shown in FIG. 8, a detection box 830 is detected with the third
highest score by the 2D DPM object detector. (The box 810
has the highest score, and the box 820 has the second highest
score.) However, if we consider the 3D feature information,
the detection box 830 may be rejected as an incorrect detec-
tion result. Therefore, a method to fuse 2D and 3D features
may be utilized in an example object detection system. The
overall 2D/3D fusion steps are illustrated in FIG. 9.

Generally, 2D/3D fusion steps of various embodiments are
listed as follows:

Step 1: Foreach ofthe 2D DPM detection boxes, search for
the corresponding 3D blob from the blobs that are extracted
using the method of Section 4.
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Step 2: Extract the Morp_Ft166 features as explained in
Section 4.

Step 3: Use the trained 3D blob model discussed in Section
4 to evaluate how likely the 3d blob is a “car” After this
classification, a MorpFt 166 confidence score Cmorph is
obtained. If there is no blob inside the 2D detection box, the
DPM confidence is penalized.

Step 4: Fuse the DPM and MorpFt 166 confidences using
Crsion=Cppart W*C,,,, 1, Where W is a fixed parameter that
was set at 0.55, which was found optimal for a known dataset
and confidence scores obtained using MorpFt  166.

5.1 Search for the Correspondent 3D Blobs of Each 2D
Detection Box

As discussed herein, the data from the Kitti data set con-
tains 2D EO image as well as the synchronized 3D point
cloud. In order to obtain the corresponding 3D blobs inside
each 3D detection box, all blobs extracted may be first pro-
jected in the corresponding 2D images. As shown in FIG. 10,
for each detection bounding box, all the blobs that can be
projected to the 2D image may be searched to find the maxi-
mal overlap between the 2D rectangular bounding box and
the projected blob. The blob projection that has the maximal
overlap with the rectangular bounding box is the desired 3D
blob. The equation below may be used to calculate the overlap
between the rectangular bounding box and blob projection
where R,__, is the area of the rectangular bounding box (the
rectangular bounding box 1010, and Ry,;,5, ,,,0/ccrion 1 the area
of the blob projection (the projection area 1020 in FIG. 10).
As illustrated, the blob projection 1020 has the maximal
overlap with the detection box 1010, therefore, the blob that
corresponds to the blob projection 1020 is the desired blob.

Rrect (1 Rotop
Rrect U Rowop

rojection
overlap = Lk

'projection

Inthe above equation, if the overlap is less than 10%, it may
beunderstood there is no overlapped blob ofthat 2D detection
bounding box. If there is no 3D blob found within the detec-
tion bounding box, the 2D DPM confidence score may be
penalized, as discussed in Section 5.3 herein.

5.2. Re-Evaluate the 2D Over Detection Bounding Box by
3D Blob Model

In this step, a linear kernel Support Vector Machine (SVM)
trained 3D blob model may be used to predict how likely the
3D blob is a “car.” The re-evaluation process is illustrated in
FIG. 11.

Step 1: Extract MorpFt 166 features from the blob as
explained in Section 4.

Step 2: Use the linear SVM to predict the likelihood of the
considered blob being a “car.”

The output 3D confidence score C,,,,,,, will be combined
with the corresponding 2D DPM confidence score Cjz,, to
generate the final fusion confidence score Cp,;,,,-

5.3. 2D/3D Fusion

As discussed previously, if the 2D and 3D feature informa-
tion may be combined together to perform object detection,
the performance of object detection may be boosted. In this
subsection, the fusion of a 2D DPM confidence score C,p,,
and 3D blob confidence score C,,,, , to generate a fused
confidence score C,,,,, are discussed in detail. For each 2D
DPM over detection bounding box: Step 1—Check if there is
a corresponding 3D blob according to the criteria discussed in
Section 5.1. Step 2—Ifa corresponding 3D blob exists, set the
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new fusion score as Cg,;,,,~CppatW*C,,,,,,5, Where w=0.55;
Ifnot, penalize the 2D DPM bounding box as: C,, ., ~Cprpar—
a, where a=0.4.

Note the parameters w and a are picked according to
experiments. From observation and experiments, the 2D
DPM detection performance was found more reliable com-
pared to the 3D blob detection performance, which can be
observed from the PR curve and AP scored shown in FIG. 12.
So in the fusion score, the 2D DPM score CDPM is given a
high weight. It was found that true positive detection bound-
ing box usually encloses a 3D blob from experimental obser-
vation, therefore, the 2D DPM bounding box is penalized as:
Cfusio,.q:CDPM—a, where parameter o is picked according to
experiments.

5.4 Fusion Results

FIG. 12 shows the Precision-Recall curve of the fusion
results 1210.

In order to show the improvement of the fusion method, the
PR curve 1220 of 2D only DPM detection results as well as
the 3D blob only detection results 1230 are shown. It is clearly
shown that the fusion method outperforms the 2D only DPM
recognition and 3D only blob recognition.

With the above principles in mind, various embodiments
are now discussed in connection with FIGS. 13-14. It may be
noted that one or more aspects discussed in connection with
FIGS. 1-12 may be utilized in conjunction with embodiments
discussed in connection with FIGS. 13-14.

FIG. 13 provides a schematic illustration of a system 1300
(e.g., an object detection system) formed in accordance with
various embodiments. The system 1300 is configured to
detect the presence and/or location of objects within a target
zone 1350. The objects may be objects distributed along a
ground plane. (It may be noted that a ground plane, as used
herein, need not necessarily be flat or planar, but may include
elevation changes.) The objects, for example, may be cars,
pedestrians, or buildings, among others.

The system 1300 includes a processing unit 1310, a first
imaging device 820, and a second imaging device. Generally,
the first imaging device 1310 collects 2D data of the imaging
zone 1350, and the second imaging device 1330 collects 3D
data of the imaging zone 1350. The processing unit 1310
obtains the 2D data from the first imaging device 1310 and the
3D data from the second imaging device 1330, and uses the
2D data and the 3D data to identify objects. The depicted
processing unit 1310 generates a fused confidence score
based on a first confidence score for the 2D data and a second
confidence score for the 3D data to identify target objects with
a high degree of confidence.

As mentioned herein, the first imaging device 1320 is con-
figured to acquire 2D imaging information of the target zone
1350. The first imaging device 1320 may be a camera, for
example an EO device, in various embodiments.

The second imaging device 1330 is configured to acquire
3D information of the target zone 1350. For example, the
second imaging device 1330 may be configured as a lidar
device and acquire 3D point cloud information of the target
zone 1350.

The imaging devices may be configured to obtain video
images and/or snap shots of the target zone 1350. It may be
noted that the first imaging device 1320 and the second imag-
ing device 1330 may be registered to each other so that
imaging information from each device may be correlated to
each other, with an object imaged in a frame by one of the
devices also imaged in a corresponding and identifiable loca-
tion of a frame of the other device. The registration may be
mechanical. For example, the first imaging device 1320 and
the second imaging device 1330 may be mounted to a com-
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mon base or structure, and calibrated such that each device
has a similar or corresponding field of view. The base or
structure may be stationary (e.g., mounted to a stationary pole
or other structure) or mobile (e.g., mounted to a car or other
vehicle). Additionally or alternatively, images from the imag-
ing devices may be registered to each other, for example,
based on a recognizable or identifiable landmark within a
field of view of images provided by the respective imaging
devices. Further, in various embodiments, the imaging infor-
mation provided from each imaging device may be time-
stamped, with the processing unit 1310 utilizing imaging
information from each imaging device from the same or
similar time.

The processing unit 1310 is operably coupled to the first
imaging device 1320 and the second imaging device 1330.
The processing unit 1310 is configured to obtain the 2D
information from the first imaging device 1320, to obtain the
3D information from the second imaging device 1330, and to
identify objects within the target zone 1350 based on the 2D
information and the 3D information. The depicted processing
unit 1310 is configured to determine confidence measures for
the 2D information and the 3D information, to generate a
fused confidence measure using the 2D confidence measure
and the 3D confidence measure, and to identify objects within
the target zone 1350 based on the fused confidence measure.
Generally, the processing unit 150 may include processing
circuitry configured to perform one or more tasks or opera-
tions discussed herein (e.g., as discussed in connection with
FIGS. 1-12 and/or in connection with FIGS. 13-14). In the
illustrated embodiment, the processing unit 1310 includes a
2D module 1312, a 3D module 1314, a fusion module 1316,
and a memory 1318. It may be noted that the depicted mod-
ules are provided by way of example only. Other module
arrangements may be employed in various embodiments.

The depicted 2D module 1312 obtains 2D information
(either directly or indirectly) from the first imaging device
1320, and identifies a set of 2D candidate objects from the 2D
information obtained from the first imaging device. For
example, using a DPM technique, the 2D module 1312 may
identify bounding boxes corresponding to candidate targets.
Further, the 2D module 1312 in the illustrated embodiment
assigns a 2D confidence measure to each identified candidate
target (e.g., bounding box). The confidence measure repre-
sents a measure of the likelihood that the candidate target
represents an object desired to be detected (e.g., car). The
candidate targets, as well as confidence measures, may be
identified, for example, using an analytical model that has
been trained using known or calibrated imaging data sets
having known targets at known locations within the imaging
data sets. For example, KITTI data may be used to train a
model employed by the 2D module 1312. Objects not satis-
fying a threshold confidence measure may be discarded or not
identified as candidate objects. It may be noted that, in some
embodiments, only candidate objects within a predetermined
range of the first imaging device 1320 (e.g., a range corre-
sponding to an effective range of the second imaging device
1330) may be identified or retained, for example to avoid
retaining 2D candidate objects for which reliable 3D infor-
mation is not available.

It may be noted that, in various embodiments, the 2D
module 1312 (and/or fusion module 1316, e.g., operating in
conjunction with the 2D module 1312) may over detect, or
identify or retain more candidate objects than would be con-
ventionally identified or retained using an object detection
scheme utilizing only 2D information, or only one set of
imaging information. For example, over detection may
include identifying or retaining a number of objects as 2D
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candidate objects that is greater than a number of expected
objects in the target zone 1350 or within the field of view of
the first imaging device 1320. For example, in some embodi-
ments, twice as many candidate objects as expected objects
may be identified and/or retained. As another example, five
times as many candidate object as expected objects may be
identified and/or retained. As one more example, ten times as
many candidate objects as expected objects may be identified
and/or retained. Additionally or alternatively, a threshold con-
fidence measure for candidate object identification may be
employed as part of over detection. For example, in various
embodiments, 2D candidate objects may be identified or
retained that have a confidence measure less than 50%, less
than 20%, or less than 10%, among others. In some embodi-
ments, all initially identified 2D candidate objects, regardless
of confidence measure, may be retained as part of over detec-
tion. Over detection, or retention of 2D candidate objects
having a lower confidence measure than conventionally
retained, may be employed in various embodiments without
increasing or substantially increasing a number of false posi-
tives of object detection or identification, as the 3D informa-
tion may be used in conjunction with the over detected 2D
candidate objects to discard false positives, while helping to
insure that no true or actual objects (e.g., cars) are missed
and/or reducing the number of missed true or actual objects
detected. The ratio or amount of over detection may be varied
in different embodiments, for example, depending on avail-
able processing capability and/or detection objectives (e.g., a
relatively higher amount of over detection if it is relatively
more important not to miss any objects, or a relatively lower
amount of over detection if it is more acceptable to miss
objects and/or if false positives are relatively more problem-
atic).

In the illustrated embodiment, the 3D module 1314 obtains
3D information (either directly or indirectly) from the second
imaging device 1330, and identifies a set of 3D candidate
objects from the 3D information obtained from the second
imaging device 1330. For example, the 3D information may
include point cloud information. The 3D module 1314 may
determine a ground plane (e.g., as discussed herein) in the 3D
information (e.g., in the point cloud), and remove the ground
plane to provide modified 3D information. The 3D candidate
objects (e.g., blobs) may be identified using the modified 3D
information. For example, the 3D module 1314 may cluster
(e.g., in an unsupervised manner) proximal points from the
modified 3D information into object groups to identify 3D
candidate objects. The 3D candidate objects may be identi-
fied, for example, based on morphological features of the
identified clusters. Further, the 3D module 1314 in the illus-
trated embodiment assigns a 3D confidence measure to each
identified candidate target (e.g., cluster or blob). The confi-
dence measure represents a measure of the likelihood that the
candidate target represents an object desired to be detected
(e.g., car). The candidate targets, as well as confidence mea-
sures, may be identified, for example, using an analytical
model that has been trained using known or calibrated imag-
ing data sets having known targets at known locations within
the imaging data sets. It may be noted that, when identifying
3D candidate objects, overly large and/or overly small clus-
ters may be removed or filtered from an initial set of identified
clusters to provide a final set of 3D candidate objects.

The depicted fusion module 1316 identifies, for each of
least some of the 2D candidate objects obtained from the 2D
module 1312, a corresponding 3D candidate from the set of
3D candidates provided by the 3D module 1314, and modifies
the 2D confidence scores with the 3D confidence scores to
provide a corresponding fused confidence score for each 2D



US 9,183,459 B1

13

candidate object. The fused confidence scores may be used to
determine or identify which candidate objects are detected or
identified as objects to be detected (e.g., cars). The fused
confidence measure filters out false objects or false positives
from the 2D candidate objects to help identify a set of target
objects with a high degree of confidence. Generally, the over
detection of 2D candidate objects may help insure thatno true
objects are missed, while the 3D information may be used to
filter out false positives from the over detected 2D candidate
objects. The fusion module 1316 may be understood, in some
embodiments, as using the 3D information to confirm or
reject over detected 2D candidate objects.

In various embodiments, the fusion module 1316 identifies
overlapping objects (e.g., 2D bounding boxes that overlap
with blobs from 3D imaging information) and determines a
fused confidence measure based on the overlap. The fusion
module 1316 may modify a 2D confidence measure to gen-
erate a fused confidence measure based on whether a given
2D candidate object corresponds to a 3D candidate object.
For example, the fusion module 1316 may determine if, for a
given 2D candidate object, there is a corresponding 3D can-
didate object (e.g., based on satistying a threshold amount of
overlap of a 2D projection of the 3D candidate object with the
2D candidate object). If the fusion module 1316 identifies a
candidate object (e.g., blob) from the 3D information that
corresponds with a 2D candidate object (e.g., bounding box),
the fusion module 1316 may use an equation or relationship
using the 2D confidence measure of the 2D candidate object
and the 3D confidence measure of the corresponding 3D
candidate object as inputs to provide a fused confidence mea-
sure. For example, an equation of the form C;,,=Cppart
W*C,, .4 Wwhere W is a fixed parameter, may be employed.
W may be less than 1 (e.g., to weight the 2D confidence
measure higher relative to the 3D confidence measure, where
the 2D information is understood as more accurate and/or
more reliable). The value of W may be experimentally deter-
mined based on equipment, detection objectives, or the like.
In some embodiments, W may be set at about 0.55. If there is
no corresponding 3D candidate object for a given 2D candi-
date object (e.g., no projected blob or other 3D candidate
object satisfies a minimum overlap threshold, such as 10%,
with the 2D candidate object), the 2D confidence measure
may be decremented or otherwise penalized to generate a
fused confidence measure. For example, where no corre-
sponding 3D object is identified, the 2D confidence measure
for a 2D candidate object may be modified by the relationship
Chsion=Cppar—0. where the parameter  is experimentally
determined. For example, in some embodiments a is set at
about 0.4. It may be noted that the particular relationships and
parameter values discussed herein are provided by way of
example, and that other forms of relationships and/or other
parameter values may be employed in various embodiments.
Using the fused confidence measure for the identified candi-
date objects, the fusion module 1316 (or other aspect of the
processing unit 1310) may in some embodiments identify a
subset of the candidate objects as detected objects. For
example, the detected objects may be selected to correspond
to an expected number of objects (for instance, either to have
the same number of detected objects as expected objects, orto
be within a range of an expected number of objects), with the
candidate objects having the highest fused confidence mea-
sures selected as detected objects. As another example, the
detected objects may be selected based on a threshold value of
fused confidence measure (e.g., candidate objects having a
fused confidence measure at or above the threshold identified
as detected objects, and candidate objects having a fused
confidence measure below the threshold not identified as
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detected objects). The particular threshold may be selected
based on a desired detection objective (e.g., a lower threshold
employed where recall is relatively more desired, and a higher
threshold employed where precision (or elimination of false
positives) is relatively more desired).

FIG. 14 illustrates a flowchart of a method 1400 for detect-
ing an object or objects in accordance with various embodi-
ments. The method 1400 may be performed, for example,
using certain components, equipment, structures, steps, or
other aspects of embodiments discussed above. In certain
embodiments, certain steps may be added or omitted, certain
steps may be performed simultaneously or concurrently with
other steps, certain steps may be performed in different order,
and certain steps may be performed more than once, for
example, in an iterative fashion. In various embodiments,
portions, aspects, and/or variations of the method may be able
to be used as one or more algorithms to direct hardware to
perform operations described herein.

At 1402, 2D imaging information of a target zone is
obtained. For example, the 2D imaging information may be
acquired via a camera, such as an EO camera that is located
near the target zone, and includes the target zone within a field
of view of the camera.

At 1404, 2D candidate objects are identified. For example,
a set of 2D candidate objects may be identified from the 2D
imaging information obtained at 1402, with each 2D candi-
date object having a corresponding 2D confidence measure
associated therewith. The confidence measure for a given
candidate object may represent a likelihood that the given
candidate object in the imaging information represents a tar-
get object, such as a car. The 2D candidate objects may be
identified as bounding boxes determined using a DPM tech-
nique. The model used to identify the candidate objects may
be trained or developed using datasets having known target
objects located therein.

As part of identifying 2D candidate objects, 2D candidate
objects may be over detected at 1406. Generally, over detec-
tion may be understood as identifying or retaining a number
of 2D candidate objects that may not satisfy a conventional
criterion for eliminating false positives. For example, over
detection may include identifying or retaining a number of
objects as 2D candidate objects that is greater than a number
of'expected target objects in the target zone or within the field
of'view of the imaging device used to acquire the 2D imaging
information. For example, in various embodiments, twice as
many 2D candidate objects as expected objects may be iden-
tified and/or retained, five times as many 2D candidate
objects as expected objects may be identified and/or retained,
orten times as many 2D candidate objects as expected objects
may be identified and/or retained, among others. Additionally
or alternatively, a threshold confidence measure for candidate
object identification may be employed as part of over detec-
tion. For example, in various embodiments, 2D candidate
objects may be identified or retained that have a confidence
measure less than 50%, less than 20%, or less than 10%,
among others. In some embodiments, all initially identified
2D candidate objects, regardless of confidence measure, may
be retained as part of over detection. The ratio or amount of
over detection may be varied in different embodiments, for
example, depending on available processing capability and/
or detection objectives.

At 1408, 3D point cloud information of the target zone is
obtained. The point cloud information is an example of 3D
imaging information. The 3D imaging information may be
acquired at or nearly at the same time as the 2D information
acquired at 1402 for improved agreement or correspondence
between the 2D and 3D imaging information, to help prevent
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inaccuracy caused by movement of potential target objects.
The 3D imaging information may be acquired, for example,
with a Lidar device, with the Lidar device registered with a
device (e.g., camera) used to acquire the 2D imaging infor-
mation, such that locations within a frame of the 2D informa-
tion may be reliably correlated with locations within a frame
of the 3D information.

At 1410, a ground plane in the 3D point cloud information
is determined and removed. Modified 3D information may be
generated by removing the ground plane from the acquired or
obtained 3D information. For example, a ground surface upon
which other object entities such as cars, buildings, or pedes-
trians is disposed may be identified and removed. The ground
plane or ground surface may be identified by fitting a number
of plane models to the point cloud and selecting a model
having the maximum number of points.

At 1412, 3D candidate objects are identified. For example,
a set of 3D candidate objects may be identified from the
modified 3D imaging information generated at 1410, with
each 3D candidate object having a corresponding 3D confi-
dence measure associated therewith. The confidence measure
for a given candidate object may represent a likelihood that
the given candidate object in the imaging information repre-
sents a target object, such as a car. The 3D candidate objects
may be identified as blobs using a clustering technique. The
clustering technique may include, for example, clustering
points of the modified 3D information into blobs, extracting
morphological features of the blobs, and classifying the blobs
against a set of known models using the morphological fea-
tures. Models used to identify the candidate objects may be
trained or developed using datasets having known target
objects located therein.

At 1414, 3D candidate objects that correspond to 2D can-
didate objects are identified. For example, for each of at least
some of the 2D candidate objects, a corresponding 3D can-
didate object may be determined or identified from the 3D
candidate objects. The correspondence may be determined
based on an amount of overlap between 2D projections of 3D
candidate objects (e.g., blobs) and 2D candidate objects (e.g.,
bounding boxes). In some embodiments, at 1416, a sub-set of
the 3D candidate objects that may be projected on to a 2-di-
mensional bounding area corresponding to one of the 2D
candidate objects is identified. For example, an overlap of
about 10% may be required for a projection to be understood
as overlapping with a 2D candidate object. At 1418, the 3D
candidate from the sub-set having a projection with the larg-
estamount of overlap with the 2D bounding area is selected as
the corresponding 3D candidate for the 2D candidate. 2D
candidate objects for which no projection has an overlap (or
has an overlap below a minimum threshold, such as 10%), are
determined to have no corresponding 3D candidate object.

At 1420, the 2D confidence measure for each 2D candidate
object is modified to obtain a fused confidence measure based
on both the 2D imaging information and 3D imaging infor-
mation. For example, the 2D confidence measure for one or
more 2D candidate objects may be modified based on
whether the 2D candidate object corresponds to a 3D candi-
date object. For instance, if the 2D candidate object corre-
sponds to a 3D candidate object, the fused confidence mea-
sure may represent a combination (e.g., a weighted
combination) of the 2D confidence measure of the 2D candi-
date object and the 3D confidence measure of the correspond-
ing 3D candidate object. The fused confidence measure, in
some embodiments, may be provided by the following rela-
tionship: Cp, .., =Cppar WC,,, 0, Where Wis a fixed param-
eter. For any 2D candidates identified at 1422 as not having a
corresponding 3D candidate (e.g., no projection of a 3D can-
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didate overlaps the 2D candidate, or no projection sufficiently
overlaps the 2D candidate to satisfy a threshold), the 2D
confidence measure is lowered, or penalized. For example,
the 2D confidence measure may be penalized by subtracting
a value from the 2D confidence measure, or, as another
example, by dividing the 2D confidence measure by a number
greater than 1. In some embodiments, the 2D confidence
measure for a 2D candidate without an identified correspond-
ing 3D candidate may be modified to provide a fused confi-
dence measure using the following relationship:
Crsion=Cppar—0; Where a. is an experimentally determined
parameter.

At 1424, detected objects are identified based on the fused
confidence measures. For example, from the set of 2D can-
didate objects, a sub-set of one or more detected objects may
be selected. One or more 2D candidate objects having a
relatively higher fused confidence measure may be selected
as detected objects, while one or more 2D candidate objects
having a relatively lower fused confidence measure may be
discarded or disregarded and not identified as detected
objects. By over detecting 2D candidate objects, the occur-
rence of non-identified true target objects may be reduced,
while using 3D information to modify the confidence mea-
sures helps to reduce or eliminate any false positives present
in the 2D candidate object set from being selected as part of
the sub-set of detected objects.

As discussed herein, systems and/or methods are disclosed
that provide reliable detection of objects in a target zone,
while eliminating or reducing false positives. Various
embodiments provide for improved precision-recall curves
for target detection relative to conventional approaches.

It should be noted that the various embodiments may be
implemented in hardware, software or a combination thereof.
The various embodiments and/or components, for example,
the modules, or components and controllers therein, also may
be implemented as part of one or more computers or proces-
sors or field-programmable gate arrays (FPGAs). The com-
puter or processor or FPGA may include a computing device,
an input device, a display unit and an interface, for example,
for accessing the Internet. The computer or processor may
include a microprocessor. The microprocessor may be con-
nected to a communication bus. The computer or processor or
FPGA may also include a memory. The memory may include
Random Access Memory (RAM) and Read Only Memory
(ROM). The computer or processor or FPGA further may
include a storage device, which may be a hard disk drive ora
removable storage drive such as a floppy disk drive, optical
disk drive, and the like. The storage device may also be other
similar means for loading computer programs or other
instructions into the computer or processor.

As used herein, the terms “system,” “circuit,” “compo-
nent,” or “module” may include a hardware and/or software
system that operates to perform one or more functions. For
example, a module, circuit, component, or system may
include a computer processor, controller, or other logic-based
device that performs operations based on instructions stored
on a tangible and non-transitory computer readable storage
medium, such as a computer memory. Alternatively, a mod-
ule, circuit, component, or system may include a hard-wired
device that performs operations based on hard-wired logic of
the device. The modules or circuits or components shown in
the attached figures may represent the hardware that operates
based on software or hardwired instructions, the software that
directs hardware to perform the operations, or a combination
thereof.

The block diagrams of embodiments herein illustrate vari-
ous blocks labeled “circuit” or “module.” It is to be under-
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stood that the circuits or modules may be implemented as
hardware with associated instructions (e.g., software stored
on a tangible and non-transitory computer readable storage
medium, such as a computer hard drive, ROM, RAM, or the
like) that perform the operations described herein. The hard-
ware may include state machine circuitry hard wired to per-
form the functions described herein. Optionally, the hardware
may include electronic circuits that include and/or are con-
nected to one or more logic-based devices, such as micropro-
cessors, processors, controllers, or the like. Optionally, the
modules may represent processing circuitry such as one or
more field programmable gate array (FPGA), application
specific integrated circuit (ASIC), or microprocessor. The
circuit modules in various embodiments may be configured to
execute one or more algorithms to perform functions
described herein. The one or more algorithms may include
aspects of embodiments disclosed herein, whether or not
expressly identified in a flowchart or a method.

As used herein, the terms “software” and “firmware” are
interchangeable, and include any computer program stored in
memory for execution by a computer, including RAM
memory, ROM memory, EPROM memory, EEPROM
memory, and non-volatile RAM (NVRAM) memory. The
above memory types are exemplary only, and are thus not
limiting as to the types of memory usable for storage of a
computer program.

As used herein, an element or step recited in the singular
and proceeded with the word “a” or “an” should be under-
stood as not excluding plural of said elements or steps, unless
such exclusion is explicitly stated. Furthermore, references to
“one embodiment” are not intended to be interpreted as
excluding the existence of additional embodiments that also
incorporate the recited features. Moreover, unless explicitly
stated to the contrary, embodiments “comprising” or “hav-
ing” an element or a plurality of elements having a particular
property may include additional such elements not having
that property.

It is to be understood that the above description is intended
to be illustrative, and not restrictive. For example, the above-
described embodiments (and/or aspects thereof) may be used
in combination with each other. In addition, many modifica-
tions may be made to adapt a particular situation or material
to the teachings of the various embodiments without depart-
ing from their scope. While the dimensions and types of
materials described herein are intended to define the param-
eters of the various embodiments, the embodiments are by no
means limiting and are exemplary embodiments. Many other
embodiments will be apparent to those of skill in the art upon
reviewing the above description. The scope of the various
embodiments should, therefore, be determined with reference
to the appended claims, along with the full scope of equiva-
lents to which such claims are entitled. In the appended
claims, the terms “including” and “in which” are used as the
plain-English equivalents of the respective terms “compris-
ing” and “wherein.” Moreover, in the following claims, the
terms “first,” “second,” and “third,” etc. are used merely as
labels, and are not intended to impose numerical require-
ments on their objects. Further, the limitations of the follow-
ing claims are not written in means-plus-function format and
are not intended to be interpreted based on 35 U.S.C. §112(1),
unless and until such claim limitations expressly use the
phrase “means for” followed by a statement of function void
of further structure.

This written description uses examples to disclose the vari-
ous embodiments, including the best mode, and also to enable
any person skilled in the art to practice the various embodi-
ments, including making and using any devices or systems
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and performing any incorporated methods. The patentable
scope of the various embodiments is defined by the claims,
and may include other examples that occur to those skilled in
the art. Such other examples are intended to be within the
scope of the claims if the examples have structural elements
that do not differ from the literal language of the claims, or if
the examples include equivalent structural elements with
insubstantial differences from the literal languages of the
claims.

What is claimed is:

1. A method for detecting one or more target objects, the
method comprising:

obtaining 2-dimensional imaging information of a target

zone;

obtaining 3-dimensional point cloud information of the

target zone,
determining a ground plane in the 3-dimensional point
cloud information and removing the ground plane to
generate modified 3-dimensional information;

identifying a set of 2-dimensional candidate objects from
the 2-dimensional imaging information, each 2-dimen-
sional candidate object having associated therewith a
corresponding 2-dimensional confidence measure;

identifying a set of 3-dimensional candidate objects from
the modified 3-dimensional information by clustering
proximal points from the modified 3-dimensional infor-
mation into object groups, each 3-dimensional candi-
date object having associated therewith a corresponding
3-dimensional confidence measure;

determining, for each of at least some of the 2-dimensional

candidate objects, a corresponding 3-dimensional can-
didate object from the set of 3-dimensional candidate
objects; and

modifying the 2-dimensional confidence measure for each

of the at least some of the 2-dimensional candidate
objects based on whether the 2-dimensional candidate
object corresponds to a 3-dimensional candidate object,
to generate fused confidence measures using the 2-di-
mensional confidence measures for each of the at least
some of the 2-dimensional candidate objects and the
3-dimensional confidence measures of the determined
corresponding  3-dimensional candidate objects,
whereby the fused confidence measure filters out false
objects from the 2-dimensional candidate objects to
identify with a high degree of confidence a set of target
objects.

2. The method of claim 1, further comprising identifying at
least one 2-dimensional candidate object that does not have a
corresponding 3-dimensional candidate object, and generat-
ing a fused confidence measure for the at least one 2-dimen-
sional candidate object by lowering the corresponding 2-di-
mensional confidence measure by a predetermined amount.

3. The method of claim 1, wherein identifying the set of
2-dimensional candidate objects comprises over-detecting
objects to be included in the set of 2-dimensional candidate
objects, wherein over-detecting comprises including objects
having a confidence measure that does not satisfy a threshold
configured to prevent false positives from being included in
the set of 2-dimensional candidates.

4. The method of claim 3, wherein more candidate objects
are included in the set of 2-dimensional candidate objects
than an expected number of candidate objects.

5. The method of claim 1, wherein generating the fused
confidence measures comprises determining the fused confi-
dence measures using C,. /~C, A+a*C;, where Cy, ., is the
fused confidence measure for a particular 2-dimensional can-
didate object, C,, is the 2-dimensional confidence measure
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for the particular 2-dimensional candidate object, C, is the
3-dimensional confidence measure for the corresponding
3-dimensional candidate object for the particular 2-dimen-
sional candidate object, and a is a predetermined constant.

6. The method of claim 5, where a is less than 1.

7. The method of claim 1, where determining, for each ofat
least some of the 2-dimensional candidate objects, a corre-
sponding 3-dimensional candidate object from the set of 3-di-
mensional candidate objects comprises:

identifying a sub-set of the set of 3-dimensional candidate

objects that may be projected on to a 2-dimensional
bounding area corresponding to one of the 2-dimen-
sional candidate objects; and

selecting, as the corresponding 3-dimensional candidate

object for the one of the 2-dimensional candidate
objects, a 3-dimensional candidate object from the sub-
set having a projection with the largest amount of over-
lap with the 2-dimensional bounding area.

8. The method of claim 1, further comprising training at
least one model for performing at least one of the identifying
the set of 2-dimensional candidate objects or identifying the
set of 3-dimensional candidate objects.

9. The method of claim 1, wherein the identifying the set of
2-dimensional candidate objects comprises utilizing a
deformable part-based model (DPM) to identify the set of
2-dimensional candidate objects.

10. The method of claim 1, wherein the identifying the set
of 3-dimensional candidate objects comprises:

clustering points of the modified 3-dimensional informa-

tion into blobs;

extracting morphological features of the blobs; and

classifying the blobs against a set of known models using

the morphological features.

11. A tangible and non-transitory computer readable
medium comprising one or more computer software modules
including instructions therein configured to direct one or
more processors to:

obtain 2-dimensional imaging information of a target zone;

obtain 3-dimensional point cloud information of the target

zone;

determine a ground plane in the 3-dimensional point cloud

information and remove the ground plane to generate
modified 3-dimensional information;
identify a set of 2-dimensional candidate objects from the
2-dimensional imaging information, each 2-dimen-
sional candidate object having associated therewith a
corresponding 2-dimensional confidence measure;

identify a set of 3-dimensional candidate objects from the
modified 3-dimensional information by clustering
proximal points from the point cloud information into
object groups, each 3-dimensional candidate object hav-
ing associated therewith a corresponding 3-dimensional
confidence measure;

determine, for each of at least some of the 2-dimensional

candidate objects, a corresponding 3-dimensional can-
didate object from the set of 3-dimensional candidate
objects; and

modify the 2-dimensional confidence measure for each of

the at least some of the 2-dimensional candidate objects
based on whether the 2-dimensional candidate object
corresponds to a 3-dimensional candidate object, to gen-
erate fused confidence measures using the 2-dimen-
sional confidence measures for each of the at least some
of'the 2-dimensional candidate objects and the 3-dimen-
sional confidence measures of the determined corre-
sponding 3-dimensional candidate objects, whereby the
fused confidence measure filters out false objects from

20

the 2-dimensional candidate objects to identify with a

high degree of confidence a set of target objects.
12. The tangible and non-transitory computer readable
medium of claim 11, wherein the computer readable medium
5 is further configured to direct the one or more processors to:
identify at least one 2-dimensional candidate object that
does not have a corresponding 3-dimensional candidate

object; and
generate a fused confidence measure for the at least one
2-dimensional candidate object by lowering the corre-
sponding 2-dimensional confidence measure by a pre-
determined amount.

13. The tangible and non-transitory computer readable
medium of claim 11, wherein the computer readable medium
15 is further configured to direct the one or more processors to

over-detect objects to be included in the set of 2-dimensional

candidate objects, wherein over-detecting comprises includ-

ing objects having a confidence measure that does not satisfy

a threshold configured to prevent false positives from being
20 included in the set of 2-dimensional candidates.

14. The tangible and non-transitory computer readable
medium of claim 13, wherein more candidate objects are
included in the set of 2-dimensional candidate objects than an
expected number of candidate objects.

15. The tangible and non-transitory computer readable
medium of claim 11, wherein the computer readable medium
is further configured to direct the one or more processors to:

identify a sub-set of the set of 3-dimensional candidate

objects that may be projected on to a 2-dimensional
bounding area corresponding to one of the 2-dimen-
sional candidate objects; and

select, as the corresponding 3-dimensional candidate

object for the one of the 2-dimensional candidate
objects, a 3-dimensional candidate object from the sub-
set having a projection with the largest amount of over-
lap with the 2-dimensional bounding area.

16. A system comprising:

a first imaging device configured to acquire 2-dimensional

imaging information of a target zone;

a second imaging device configured to acquire 3-dimen-

sional point cloud information of the target zone; and

a processing unit operably coupled to the first imaging

device and the second imaging device and including
software modules having instructions therein which
when executed by the processing unit are configured to
obtain the 2-dimensional imaging information and the
3-dimensional point cloud information, the processing
unit configured to:

determine a ground plane in the 3-dimensional point cloud

information and remove the ground plane to generate
modified 3-dimensional information;
identify a set of 2-dimensional candidate objects from the
2-dimensional imaging information, each 2-dimen-
sional candidate object having associated therewith a
corresponding 2-dimensional confidence measure;

identify a set of 3-dimensional candidate objects from the
modified 3-dimensional information by clustering
proximal points from the modified 3-dimensional infor-
mation into object groups, each 3-dimensional candi-
date object having associated therewith a corresponding
3-dimensional confidence measure;

determine, for each of at least some of the 2-dimensional

candidate objects, a corresponding 3-dimensional can-
didate object from the set of 3-dimensional candidate
objects; and

modify the 2-dimensional confidence measure for each of

the at least some of the 2-dimensional candidate objects
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based on whether the 2-dimensional candidate object
corresponds to a 3-dimensional candidate object, to gen-
erate fused confidence measures using the 2-dimen-
sional confidence measures for each of the at least some
of'the 2-dimensional candidate objects and the 3-dimen-
sional confidence measures of the determined corre-
sponding 3-dimensional candidate objects, whereby the
fused confidence measure filters out false objects from
the 2-dimensional candidate objects to identify with a
high degree of confidence a set of target objects.

17. The system of claim 16, wherein the first imaging
device is an electro-optic (EO) camera.

18. The system of claim 16, wherein the second imaging
device is a light radar (lidar) device.

19. The system of claim 16, wherein the processor unit is
configured to over-detect objects to be included in the set of
2-dimensional candidate objects, wherein over-detecting
comprises including objects having a confidence measure
that does not satisfy a threshold configured to prevent false
positives from being included in the set of 2-dimensional
candidates.

20. The system of claim 19, wherein more candidate
objects are included in the set of 2-dimensional candidate
objects than an expected number of candidate objects.
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